Abstract. The accumulation of heavy metals in agricultural soils is a serious environmental problem. The Campania region in southern Italy has higher levels of cancer risk, presumably due to the accumulation of geogenic and anthropogenic soil pollutants, some of which have been incorporated into organic matter. The aim of this study was to introduce and test an innovative, field-applicable methodology to detect heavy metal accumulation using drone-based photogrammetry and microrill network modelling, specifically to generate wetlands wetlands prediction indices normally applied at large catchment scales, such as a large geographic basin. The processing of aerial photos taken using a hexacopter equipped with fifth-generation software for photogrammetry allowed the generation of a digital elevation model (DEM) with a resolution as high as 30 mm. Not only this provided a high potential for the study of micro-rill processes, but it was also useful for testing and comparing the capability of the topographic index (TI) and the clima-topographic index (CTI) to predict heavy metal sedimentation points at scales from 0.1 to 10 ha. Our results indicate that the TI and CTI indices can be used to predict points of heavy metal accumulation for small field catchments.
Introduction
The accumulation of heavy metals in agricultural soils is one of the currently most critical environmental problems, as these soil contaminations are absorbed by crops and ultimately affect food quality. It is important to know the concentrations of heavy metals in soil, since excessive accumulation causes serious health problems (Oliver, 1997; Muchuweti et al., 2006) of various kinds, particularly neurotoxicity, carcinogenicity and mutagenicity (European Union, 2002) . For example, arsenic (As), mercury (Hg), zinc (Zn), copper (Cu) and aluminium (Al) affect the gastrointestinal system, generally resulting in diarrhoea and vomiting; at higher levels, these compounds cause systemic effects, such as depression tremor, ataxia, convulsions, paralysis, or pneumonia (McCluggage, 1991) ; Cadmium (Cd) is a potential carcinogen, commonly associated with symptoms from the cardiovascular, urinary and nervous systems (Jarup, 2003) ; lead (Pb) and Cd may decrease human life expectancy up to 10 years (Lȃcȃtuşu et al., 1996) .
The Italian situation with regard to soil contamination is extremely heterogeneous and complex. As many as 55 environmental sites of national interest (SIN) have been identified; six of them situated in the Campania region in southern Italy (Vito et al., 2009 ). These Campania areas are also among the 44 places listed by the National Institute of Health due to high levels of cancer risk correlated with high soil concentrations of heavy metals resulting from a combination of geogenic and anthropogenic pollution (Cicchella et al., 2005) . Geogenic pollution is mainly linked to natural phenomena, such as volcanic activities and related hot springs and fumaroles (De Vivo, 1995) , while anthropogenic pollution essentially has to do with industrial activity. The voluntary or accidental pollution of the latter has produced high concentrations of Cd, chromium (Cr), Cu, Hg, Pb, nickel (Ni) and Zn (Filippelli et al., 2012) . High concentrations of most of these metals, as well as selenium (Se), can also be found along the road system, where they constitute pollution from motorized traffic , while the use of inorganic pesticides and chemical fertilizers produce high concentrations of Cu, Hg, Mn, Pb and Zn in the fields used for agriculture (Swaine et al., 1962) . Soil pollution includes also point sources like gasoline pumps and places where house-hold waste has been dumped illegally (De Vivo et al., 2012) . Although the geogenic contaminants in the Campania region are known and/or are foreseeable (Albanese et al., 2007) , it is still difficult to map and predict the extent and location of anthropogenic pollutants, mainly because of patchy occurrence and uneven diffusion.
Current procedures for pollution mapping are laborious and expensive, since they involve the analysis of a large set of organic and inorganic substances in each homogeneous soil unit. Soil investigation is typically carried out using a grid with a realtively dense mesh (10 x 10 m), making it hard to sample and examine large areas. When located between the source of pollution and a receiving water body, certain landscape structures act as physical or biogeochemical barriers against contaminants (Muscott et al., 1993) as well as infections (De Roeck et al., 2014) . Due to absorption of pollutants by plants and dilution in the absence of significant nitrogen concentration and denitrification processes (Montreiul et al., 2008) , wetlands have been classified as area buffers. The detection of minor spots of pollution due to illegal spills is the main problem, as the approach used for wetlands prediction at the basin scale need to be adapted for detection of "hotspots" at the micro-catchment scale.
In order to describe surface morphology and understand the processes that characterize the environment, it is necessary to collect a large number of data across a wide range of Earth sciences, e.g. geology (Gold et al., 1973) , hydrology (Hooke et al., 1994) and hill slope geomorphology (Evans, 1977) . Land-forms are commonly characterised by digital elevation models (DEM) (Florinsky, 1998 ) that produce essential baseline information for morphometric analysis. However, it is important to emphasize that land-form results depend on the accuracy with which DEM is measured. In fact, the detection of geomorphic elements depends critically on the input data used, taking into account how they are influenced by DEM accuracy, i.e. the higher the resolution, the better the land-form reconstruction. Landscape representation depends strongly on DEM resolution: land-form elements can assume different values at the same location when the resolution varies (D . ȃguţ and Eisank, 2011) . Therefore, more studies are necessary to understand and explain the relationship between scale and geomorphometric analysis.
An assessment of the efficiency of different topographical and hydrological indices suited to predict wetlands at large catchment scales, e.g. a large land basin, has been done by Infascelli et al. (2013) , who established the ordinate climate-topographic index (OCTI) for this work. It is likely that these indices can be applied at smaller scales, such as small-field catchments, but in this context, they must be calculated based on highly accurate land-form mapping. Dehn et al. (2001) listed different definitions for this purpose, while Minár and Evans (2008) propose that the main objective of this type of mapping is the identification of specific, geometrical geomorphic elements with maximal potential influence on the processes studied. The most important attributes to contour or surface topography units are: elevation, slope, aspect, plane, profile curvature and flow accumulation (Moore et al., 1993) . Previously, land-form mapping was typically done by visually interpreting aerial photographs (Dent and Young, 1981) , but can now be done digitally thanks to fast computers and introduction of the fifthgeneration software for photogrammetry (Mulder et al., 2010) . This software can lead to a significant reduction in photo processing time because of its capacity to deal with hundreds of photographs and automatic restitution at the same time (PierrotDeseilligny et al., 2011) .
The introduction of drone photography, another important innovation, may significantly improve results as it permits further reduction of time and cost of data acquisition. Indeed, drones could facilitate the entire operation of monitoring flight due to the possibility of quota reduction and reaching difficult-toaccess areas (Nex et al., 2013) . Drones also make it possible to obtain aerial photos at scales ranging from 0.1 to 10 ha, a high-resolution approach resulting in a considerable increase of DEM accuracy. However, it is important that the resolution is suited to the object under investigation (Evans, 2012) . Lejot et al. (2007) realized early the high potential of DEM generated by drone-based photogrammetry when investigating hydrologic networks, channel featurees, water depth, etc., while Bishop et al. (2011) used geomorphic data and simple laws of hydrology to analyse drainage basins, in order to create realistic simulation of river channels, sediment transport and their storage. Following these findings, Hugenholtz et al. (2013) demonstrated that the DEM accuracy resulting from overlapping drone images obtained by photogrammetry is appropriate for geomorphologic studies.
In the present study, a highly innovative methodology for the prediction of heavy metal spills at small scales (spot presence) was attempted. It is based on an "inverse" approach to detect the distribution of sedimentation points and specifically aimed at identifying the points to be sampled. The goal was to direct sam-pling by involving transport modelling and new procedures for predicting the distribution of wetlands in catchments areas at limited scales to find accumulations of heavy metals assimilated into sedimentation zones similar to wetlands.
It is essential to detect the hydrological network for specification of transport pathways in a catchment, in order to understand the relationship between diffsion of heavy metals and their accumulation points (Ollesch et al., 2006) . Areas with accumulated contaminants such as wetlands can be seen as sedimentation micro-basins. This work presumed that indices suited to predict wetlands at small scales, such as the topographic index (TI) and the clima-topographic index (CTI), can also be used to detect accumulation of heavy metals in agricultural soil. However, in order for indices to be transferred to this more limited scale, they must be subjected to extremely accurate considerations consisting of the following phases: (i) land-form mapping; (ii) modelling of transport process; (iii) calculation of indices suited to predict wetlands distribution; and (iv) detection of areas characterized by potential heavy metal accumulation that would reveal the presence of illegal spills.
Material and methods

Study area
The municipality of Trentola Ducenta, Caserta Province in the Campania region in southern Italy is one of 77 communes in the Domizio-Flegreo Littoral and Agro Aversano areas given SIN status. The experiment recorded here was performed in an area measuring 4,500 m 2 , where a patchy occurence of pollution of heavy metals and organic contaminants was expected.
Land-form mapping
To increase the DEM resolution of the area of interest, a survey with the use of a drone (Fig. 1) was planned. The drone configuration must be optimized according to the frame and load to be lifted and, although the quadricopter is the "gold standard", we preferred using a hexacopter due to its greater stability and lift power. The Tarot FY690s hexacopter frame (Aereomodellistica S.r.l. Moricone, RM, Italyhttp://www.jonathan.it) was chosen, because it is especially well suited photogrammetry and mapping. It is made of carbon fibre and can, even if the entire chassis weighs only 600 g, support a shipment of 3 kg. This drone was equipped with all essential equipment required for its control, programming and planning of the flight including a small digital camera for a variety of small-scale, aerial operations.
For photographic recording, we chose the 200 g Canon PowerShot S100 camera due to its high resolution (12.1 megapixels). It was equipped with a 7.44 x 5.58 mm sensor with 5.2 mm focal length and built-in global positioning system (GPS) unit and raw image format. Properly made targets (Fig. 2) were used as ground control points (GCP) for post-processing purposes (Nex et al., 2013) . The position of each target was acquired using a Trimble Total Station geodimeter (http://www.trimble.com). Following analysis of the area of interest and the parameters of the on-board digital camera, the flight was programmed by applying dedicated software (Nex et al., 2013) . In order to calculate the flight altitude, the camera focal lens was fixed at the required ground sample distance (GSD). The flight altitude is given according to Cannarozzo et al. (2012) by the equation:
where H represents the altitude, p the camera focal lens and N the desired scale of image.
To minimize the influence of shadows on the ground and other effects reducing frame quality, flights were undertaken during the brightest hours and as far as possible in the absence of clouds, wind and haze. The modalities of flight execution ensures the longitudinal and transversal overlap of the frames taken (e.g. 60-80%), while the global national satellite system (GNSS) and navigation system on-board the hexacopter guided and the improved image data acquisition. The metric reconstruction of the scene involved two preliminary steps: camera calibration and image orientation. We chose laboratory camera calibration versus in-flight calibration (Colomina et al., 2007) because it is more precise. The image orientation involved the extraction of tie points followed by photo alignment (Triggs et al., 2000; Gruen and Beyer, 2001) assisted by Agisoft Photoscan professional software (Agisoft LLC, St. Petersburg, Russia). To improve georeferencing and tie point extraction and minimize image block deformations as well as possible systematic errors, it was necessary to import a few GCPs in the alignment. Subsequently, the Agiscan software was applied to produce and process the polygonal model (mesh) needed to obtain geometrically corrected imaging (orthophotos) and accurate surface details (texture mapping) including DEM.
Modelling of the transport process
In order to delineate watersheds and overland flow paths, Jenson and Domingue (1988) suggest dividing the process into three steps: filling depressions obtained by the DEM, constructing the flow directions and finally creating a flow accumulation dataset. The DEM was converted to GRID format to make it more suitable for processing. This was done by interpolating the original points with the Kriging estimator using ArcGIS Software (ESRI; Redlands, CA, USA). Since raster cells can create discontinuities and drainage abnormalities in the hydro-graphic scenes due to absence of outlets (Infascelli et al., 2013) , the first phase involves removing small DEM imperfections by identification and filling in these "pits" by means of the ArcGIS hydrology tool. The second step deals with the surface flow direction, a term that indicates which direction water will run out of a cell. When this concept is applied to a depression-less DEM, every cell assumes a particular flow direction because they all have a flow path. This step is carried out by applying the mono-directional, or eight-flow (D8) model, supported by the ArcGIS hydrology tool and flow-direction tool. The last phase, consists of using the ArcGIS flow-accumulation tool to create the flow accumulation dataset in which each cell is assigned a value equal to the number of cells that flow to it. This approach has been demonstrated to be particularly suitable for modelling the micro-rill network (Wolock et al., 1995; Beaujouan et al., 2001) . The raster of accumulated flow created in each cell using the ArcGIS flow-accumulation tool made it possible to discover different micro-basins by applying various outlets. For each of them, the essential parameters for calculation of the TI and the CTI, such as local and downhill slope, drainage area, mean annual effective rainfall depth and evapotranspiration, were estimated.
Suitable indices to predict wetlands distribution
The several indices suited to predict wetlands distribution are given as follows. Firstly, the soil topographic index (STI) according to Beven et al. (1979) is given as:
( equation 2) where α is the drainage area, β the local slope and T the trasmissivity. However, it has been shown that the value of the trasmissivity is usually less than the value of the area of drainage and the variation of the local slope, so it can be neglected. Therefore, the TI was introduced (Beven et al., 1979; Beven, 1986) where Vr is the volume of effective annual rainfall, which is calculated by multiplying drainage area with the mean annual effective rainfall depth. Merot et al. (2003) determinated the mean annual effective rainfall as:
( equation 5) where Re ffi is the monthly effective rainfall depth, given by equation 6 below:
Re ffi = 0 when Ri ≤PETi .
We used expression 7 of the equations proposed by Hargreaves et al. (1985) since it was considered a good baseline for determining the potential evapotranspiration in Southern Italy :
where PET i (ET o ) is the potential evapotranspiration PET i in mm day -1 , R a the extraterrestrial radiation in MJ x m -2 x day -1 (calculated by using methods reported in Allen et al. (1998) ), the mean (T mean ), maximum (T max ) and minimum (T min ), daily temperature in °C, respectively.
In the calculation of the CTI, we used the downhill slope (the slope between the point of interest and the runoff course measured along the hydraulic path), since this improved the results, both from the technical (the local slope is smoothed with the downhill slope) and conceptual points of view (soil saturation depends not only on the up-slope factor but also on down-slope factors, not considered with TI) according to GascuelOdoux et al. (1998) . It has been shown that this index is capable of predicting wetlands in a reliable manner without calibration in most cases (Merot et al., 2003) except for highly heterogeneous permeability soils that did not characterize the study area.
The CTI is more robust and realistic than TI according to Merot et al. (2003) , but to evaluate it for the study area, it was necessary to know both the effective and mean annual rainfall, temperature and evapotranspiration data over the area basin and slope. Therefore, the precipitation records from neighbouring meteorological stations were analysed and used to compute the effective annual rainfall, the mean annual rainfall and evapotranspiration. We calculated both TI and CTI in three micro-basins, which is required to detect heavy metal sedimentation points.
During data collection, the altitude of flight was fixed at a 25 m and the speed at 4 m x s -1 . In this way, longitudinal and transversal overlap strips of 70% and 30%, respectively, were ensured. Even if the coverage of the whole area could be obtained by the acquisition of 42 images, we preferred to take a pair of photos at each of the waypoint identified, totalling 84 images, in order to eliminate the possible blurry imagery during the reconstruction. These camera shots were taken during three different flight missions; the first two missions made up of 16 stages for a period of 12 minutes and the third characterized by 12 waypoints lasting for 8 minutes. (Fig. 3) and a 0.03 m resolution DEM (Fig. 4) was generated by the block of images obtained. The flow direction, flow accumulation (relating to preferential paths of runoff water) and micro-basins rasters were generated by the microstream network. In particular, three watersheds were identified, represented by upper (red), middle ( The average monthly rainfall equalled 78 mm between 1977 and 1993 with a peak of 137.4 mm. The evapotranspiration in the same time interval showed a highest value (157.1 mm) in the month of July, while its lowest value (27.2 mm) was recorded in the month of January. The average values of the effective monthly rainfall showed a peak value equal to 77 mm in December and null in the warmer months from May to September. Thus, the effective average annual rainfall was estimated to be 27 mm.
Results
A detailed orthophoto
The TI and CTI were computed in the three study watersheds. As shown in Fig. 6 , intervals of the TI values turned out to be different in the three sections of the map. The values were between 2. 39 and 15.80, -0.99 and 15.84, and -1.88 and 15.79 in the upper, middle and bottom areas, respectively. In addition, the CTI values (Fig. 7) were substantially different in each of the three zones. They varied between 2. 47 and 18.21, 3.50 and 18.25 and 2.46 and 18.20 in the upper, middle and bottom parts of the field, respectively.
Discussion
Drones and the fifth-generation software for photogrammetry introduce many advantages to surface imaging. Indeed, the drone flight altitude has been drastically reduced allowing the capture of photos of very high resolution, while the time required for data acquisition and operating costs has fallen sharply (Nex et al., 2013) . The coverage of the entire field under study here was achieved by a combination of just three missions resulting in a very moderate cost of the operation. The parallel processing of the 84 taken frames taken, made possible with the fifth-generation software, allowed us to obtain automatic restitution of DEM and to significantly decrease the time of analysis as shown by Pierrot-Deseilligny et al. (2011) .
The micro runoff network, obtained from the analysis of the DEM, allowed the identification of three micro-basins, on which the TI and CTI could be calculated. The various slopes of the basins and the diverse drainage areas were strongly influenced by these values, and it was observed that the lower the value of the slope for a given area, the greater the value of TI. Since an increase in TI is connected to a higher saturation of the soil, this index provides an important demonstration of the variability of soil moisture and the possibility that these areas correspond to sedimentation points. Thus, the CTI value varied in the upper, middle and bottom portion of the area of interest. Also in this case, the varying slope of the basins and the diversity of drainage areas influenced the differences in value. Due to its ability to correlate with the topographical features of the field and climatic events, the CTI seems to be the most robust index. For a given event area and rainfall, CTI is mainly influenced by the slope, as this index increases with reduction of slope, increase of the drainage area and intensive, effective rain. Therefore, as in the previous case, water accumulates particularly in flat areas with a consequent increase in the degree of saturation. It can therfore be hypothesized that these zones correspond to the heavy metal sedimentation points.
The reasons why the values of the two indices differ can be deduced from the above discussion. We feel that the CTI is a more robust index than TI due to the replacement of slope with effective rainfall, which improves the results as shown by Gascuel-Odoux et al. (1998) . As a matter of fact, the local slope substitution with the downhill element led us to take into account both down-slope and up-slope. Moreover, it has been shown that CTI has the higher potential for determining the position and the general extent of wetlands in a reliable manner, even if it decreases when the soil has a highly heterogeneous permeability (Merot et al., 2003) . In addition, maximum TI values extend over larger areas than the CTI, while the minimum values almost coincide. Consequently, the CTI allows the identification of the areas to be sampled more clearly. For these reasons, we propose that the CTI is better suited for the identification of sedimentation points for heavy metals.
Conclusions
In this study, we introduced an innovative methodology for predicting the accumulation zones of substances that can disperse through aquifers. This approach looks promising because it reduces the cost of soil sampling by making it sufficient to take samples only from the points of maximum CTI (or TI) to determinate the sedimentation points of heavy metals. Indeed, these reasons motivated us to apply this model in the Campania region in Italy, since it is characterized by a complex and difficult environmental situation. 
